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When Do We Need New Architectures 

ÅLong-lasting architectural advances occur when a ñwallò must be 
overcome 

Å1st Wall ï Mid 90s: the Memory Wall 

Å2nd Wall ï 2004: the Power Wall 

Å3rd Wall ï Now: the Locality Wall 

And this is largely due to emergence of apps with 
Data Intensive Characteristics 
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What Do I Mean by Data Intensive? 

ÅComputation dominated by data access & movement ï not flops 

ÅLarge sets of data often persistent  

ïbut little reuse during computation 

ÅNo predictable regularity 

ÅSignificantly different scaling 

ÅStreaming becoming important 

The ñLocalityò we have come to expect  
from our apps is disappearing 
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This Talk 

ÅMooreôs Law and the Prior Walls 

ÅTodayôs Architectures 

ÅEvidence of a New ñLocalityò Wall 

ïBenchmarks 

ïA Big Data Application 

ÅMigrational Computing: a Possible Architectural Fix 
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Technology, Mooreôs Law, and Beyond 

ÅMooreôs Law: 2D transistors get smaller & faster 

ïFrom 10um to 5nm feature size: 2,000X smaller & faster 

ÅCores get smaller, faster, lower power 

ïPower density approx. constant as long as Vdd declines 

ÅMemory arrays get denser 

ïTo maximize density, access time drops at best slowly 

ïCan increase bandwidth, but power skyrockets 

ÅAfter Mooreôs Law: weôre going 3D! 

ïWith a mix of die types 

http://www.micron.com/products/hybrid-memory-cube 
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The Memory Wall (mid 1990s) 

http://www.extremetech.com/wp-content/uploads/2014/07/140364245678419.jpg 

ÅCore clock speeds outran memory latency 

ÅBreaking the Wall: Use extra transistors for  

ïBigger on-chip SRAM caches 

ïMore ILP to find more memory accesses 

ïAdd additional floating point capability 

ÅEnablers: Applications had plenty of locality 

ÅExample: Ax=b, A is large, dense, matrix 

ïTremendous temporal locality 

ïAssume caches can save nxn patch of A 

ïO(n2) to read nxn patch of A to cache 

ïO(n3) operations on this patch 

ÅWith big enough cache, donôt care how slow memory is 
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The Power Wall (2004) 

ÅFlattening Vdd increased power density 

ïBigger chips meant more logic to dissipate 

ÅResult: at 120Watts, cooling uneconomical 

ÅBreaking the wall: 

ïLower the clock rate 

ïUse multiple simpler cores 

ïIncrease SIMD-style parallelism 

ÅSide-effect: need more bandwidth 

ÅSolution for dense apps: again bigger caches 
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2004: Emergence of Multi-core 
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http://www.guru3d.com/index.php?ct=news&action=file&id=19577 

https://cdn.arstechnica.net/wp-content/uploads/sites/3/2017/05/voltablockdiagram.png 

28 cores 

84 SM cores 
5376 CUDA cores 
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Todayôs Hybrid Multi/Many Core/Socket Architecture 

ÅNothing is uniform about memory 
references 

ÅMultiple memory domains 

ÅMultiple memory ports & types 

ÅMultiple different link protocols 

ÅHigher bandwidth parts needed (at 
energy costs) 

ÅGrowing ñwidthò of data returned 
from an access (spatial locality) 
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Energy Tightly Tied to Locality 

Greg Asfalk, HP 

Å Increasing with Non-Locality 

Å Largely unchanged by new 

technologies 

 

Perhaps 5 pJ in best of today 

Exascale goal of 20 pJ per flop 
unreachable if any memory 
references need to be made 
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Need for More Memory Bandwidth ï Multi-level Memories 

https://cdn.arstechnica.net/wp-content/uploads/sites/3/2017/05/NVIDIA-Telsa-V100.jpg http://www.amd.com/PublishingImages/graphics/illustrations/570px/6315-hbm-stacks-diagram.png 

HBMs: 4-5X bandwidth, but wider transfer/access 
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Benchmark Name 

LINPACK 

HPCG: Hi Perf Cong. 

Grad.  

SpMV: Sparse Mat. Vec.  

BFS: Breadth First 

Search  

FireHose 

And Apps Are Changing ï Lets look at some Benchmarks 

Function Performed 

Solve Ax=b; 

A is dense 

Ax=b; A sparse but regular 

Ab; A sparse & irregular 

Find all reachable vertices from 

root 

Find ñeventsò in streams of 

data 
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Performance vs Time 
Peak Flops 
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Rapid increase driven by 

Mooreôs Law: Cache size  

& # FPUs 

Flatness implies 

bound by  

something else 
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Performance/Byte of B/W vs Time 
Peak Flops 

1.E-01

1.E+00

1.E+01

1.E+02

1.E+03

1.E+04

1.E+05

01/01/14 01/01/15 01/01/16 12/31/16

H
P

C
G

 F
lo

ps
 (G

F/
s)

 p
er

 P
ea

k 
B

an
dw

id
th

 
(G

B
/s

)

TH

TL

TB

TM

TX

TO

TV

TG

LH

LL

LB

LM

LX

LO

LV

LG

SH

SL

SB

SM

SX

SO

SV

SG

DH

DL

DB

DM

DX

DO

DV

DG
1.E-03

1.E-02

1.E-01

1.E+00

1.E+01

1.E+02

1.E+03

01/01/10 01/01/11 01/01/12 12/31/12 01/01/14 01/01/15 01/01/16 12/31/16
G

TE
P

S
 p

er
 P

ea
k 

B
an

dw
id

th
 (G

B
/s

)

TH

TL

TB

TM

TX

TO

TV

TG

LH

LL

LB

LM

LX

LO

LV

LG

SH

SL

SB

SM

SX

SO

SV

SG

DH

DL

DB

DM

DX

DO

DV

DG

Graph 500 HPCG 

Top 500 Rmax 
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Increase due to bigger caches 

in cores do more flops 

for same memory reads 

Flatness of top systems 

implies memory  

bandwidth bound 
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Perf./Byte of B/W vs Perf. 
Peak Flops 

Graph 500 HPCG 

Top 500 Rmax 
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Bigger systems have newer cores 

with bigger caches to do more  

flops for same memory reads 

HPCG is Memory 

Bandwidth Bound 

Decline vs size due to 

loss of injection bandwidth 

in bigger systems 
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Performance per Watt vs Time 
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Peak Flops 

Graph 500 HPCG 

Top 500 Rmax 

Rapid Increase because 

ratio dependent on logic 

technology alone; more flops/s 

per socket 

Flat probably because near 

perfect weak scaling 

and no real memory 

improvement  
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Perf. per Watt vs Perf. 
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Regular neighbor traffic places 

little demands on networking as 

system scales 

Traffic again regular; 

Near perfect weak scaling 

Random irregular traffic reduces 

node injection B/W as system scales 
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Green-GRAPH500 
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Sparsity & Conventional Scalability 
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HPCG:Unconv HPCG:Conv SpMV:Sparse7 SpMV:Sparse49 SpMV:Sparse73 BFS

Across all benchmarks,  it takes 10-1000 

nodes of distributed memory systems to 

equal best of single domain systems for the 

sparsest problems 

Bylina et al., ñPerformance Analysis of Multicore and Multinodal Implementation of SpMV Operationò, 2014. www.graph500.org. http://www.hpcg-benchmark.org/ 

Observation: Extreme Sensitivity to 

Å Level of Sparsity 

Å # of physically separate memory domains 
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Firehose Streaming Benchmark 

Åhttp://firehose.sandia.gov/ 

ÅDatum: Comma separated ASCII string  
ïKey: ASCII string representing 64b uint (IP adr) 

ïValue: depends on benchmark variant 

ï Truth flag: was the stream from this key biased 

ÅEvent: detection of 24 datums with same ñkeyò 

ÅAnomaly: value distribution biased towards 0s 
ï3 variants defined 

ÅPerformance metric: Datums/sec 
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Single Node Performance 

Terrible Scaling 
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Large Scale Anomaly 1 Processing 

Å SNL SkyBridge, Cray-CS300 1848 2-socket nodes at 

16 cores/node 

Å From ñStateful Streaming in Dist. Memory 

Supercomputers,ò Berry & Porter, CLSAC 2016 

Å MPI with PHISH runtime library 

Å Approx  2.75 M datums/s per node 

Å Or about 220 M/s per rack 

Scaling line is fairly linear 

BUT at 2.75M datums/s per 32 core node,  

0.09M datums/s per core is 1/60 that of a single core  
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Benchmark Name 

LINPACK 

HPCG: Hi Perf Cong. 

Grad.  

SpMV: Sparse Mat. Vec.  

BFS: Breadth First 

Search  

FireHose 

Summary: Basic Benchmarks  
ï Non-traditional Have Locality Issues 

Function Performed 

Solve Ax=b; 

A is dense 

Ax=b; A sparse but regular 

Ab; A sparse & irregular 

Find all reachable vertices from 

root 

Find ñeventsò in streams of 

data 

Performance 

Limiters 

Cache size & # FPUs 

Memory B/W 

Memory B/W; some 

Network 

Network B/W; Remote 

atomics 

Managing the streaming 
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Real World Challenge Data Intensive Problem 
(From Lexis Nexis) 

Å2012: 40+ TB of Raw Data 

ÅPeriodically clean up & combine to 
4-7 TB 

ÅWeekly ñBoil the Oceanò to 
precompute answers to all 
standard queries 

ïDoes X have financial difficulties? 

ïDoes X have legal problems? 

ïHas X had significant driving 
problems? 

ïWho has shared addresses with X? 

ïWho has shared property ownership 
with X? 

Auto Insurance Co: ñTell me about giving auto policy to Jane Doeò in < 0.1sec 

ñJane Doe has no indicators 
But 
she has shared multiple addresses 
with Joe Scofflaw 
Who has the following negative 
indicators é.ò 

Look up answers to precomputed 
queries for ñJane Doeò, and combine 

Relationships 
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Traditional Approach: Runaway Intermediate Data 

14.2B recs

325 B/rec

4.6TB
Project

14.2B recs

100+ B/rec

1.5TB

Join on

Address

1.6T recs

200+ B/rec

300+TB

Sort & 

Remove

Duplicates

1.5T recs

30B/rec

45TB

ÅCompute adrhash

ÅCompare lnames

Å Init score to 3

ÅProject

1.6T recs

30 B/rec

48+TB

Group by

ID pairs &

Sum scores,

Lname_match

{(ID1, ID2, 

adrhash, score,

lname_match)}

{(ID, lname, adr)}

Hash ID1,2

& Distribute

12B recs

16B/rec

200GB

Select on

Score &

Lname_match

1.2T recs

16B/rec

20TB

{(ID1, ID2, score, lname_match)}

800M distinct IDs

400M distinct IDs

Send between 

nodes via TCP/IP 

datagrams

ñhò
ñtò

ñJò

ñDò
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2012: 400 2-socket nodes (10 racks) 

2013 study looked at ñfutureò alternatives: 

ÅUpgrades to conventional 

ÅñLightweightò systems 

ïLower power, lower performance cores 

ïStudy assumed Calxeda 4-core ARMs 

ïbut systems like HP Moonshot similar 

ÅSandiaôs X-Caliber project 

ïHeavyweight with HMC-like memories 

ïResembles Intelôs Knights Landing 

ÅAll processing on bottom of 3D stack 

ïSystem = ñseaò of stacks 

Projecting Performance for LexisNexisô Implementation 




























